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Abstract  
Objective  
Previously generated genetic risk scores (GRSs) for type 1 diabetes (T1D) have not 
captured all known information at non-HLA loci and particularly at HLA risk loci. We 
aimed to more completely incorporate HLA alleles, their interactions and recently 
discovered non-HLA loci into an improved T1D GRS2 to better discriminate diabetes 
subtypes and to predict T1D in newborn screening studies.   
Research Design and Methods 
We used 6481 cases and 9247 controls from the Type 1 Diabetes Genetics 
Consortium (T1DGC) to analyse variants associated with T1D in both the HLA region 
and across the genome. We modelled interactions between variants marking strongly 
associated HLA haplotypes and generated odds ratios to create an improved T1D 
GRS2. We validated our findings in UK Biobank. We assessed the impact of the T1D 
GRS2 in newborn screening, diabetes classification, and to provide a framework for 
comparison to previous scores. 
Results 
The T1D GRS2 used 67 single nucleotide polymorphisms (SNPs) and accounted for 
interactions between 18 HLA DR-DQ haplotype combinations. The T1D GRS2 was 
highly discriminative for all T1D (AUC=0.92; p<0.0001 vs older scores) and even 
more discriminative of early onset T1D (AUC=0.96). In simulated newborn screening, 
The T1D GRS2 was nearly twice as efficient as HLA genotyping alone, and 50% 
better than current genetic scores in general population T1D prediction. 
Conclusion 
An improved T1D GRS2 is highly useful to classify adult incident diabetes type, and 
to improve newborn screening. Given the cost-effectiveness of SNP genotyping, this 
approach has great clinical and research potential in T1D. 
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Introduction  
 
      Type 1 diabetes (T1D) involves autoimmune destruction of insulin producing 
pancreatic beta cells. While prominent in childhood, it may present at any age (1). 
Measurement of islet autoantibodies (IA) in venous blood can reveal active disease 
years before the clinical diagnosis (2). Early, pre-clinical identification of T1D can 
minimize morbidity, medical costs at clinical onset, and might facilitate prevention 
therapy (3). However, IA surveillance is expensive and difficult in young children. 
Better selection of high risk infants will improve the cost-effectiveness of any 
prediction program (3-5). Further, IA measurement in incident cases of adult diabetes 
is not sufficiently sensitive (6) nor specific (7) for accurate classification of diabetes 
subtype, the latter important for appropriate treatment (8-10). 
      T1D has a large heritable component, evidenced by a twin concordance rate of 
up to 70% (11) and a sibling risk of ~8% (12). The majority of risk is explained by 
variation at a few very strongly associated loci including the HLA class 2 DR-DQ loci, 
the HLA class 1 region, and >50 associated non-HLA single nucleotide 
polymorphisms (SNPs) including INS and PTNP22 (12). This high genetic heritability 
creates the potential for powerful diagnostic discrimination if the majority of genetic 
risk for T1D can be captured (13; 14). We and others have shown incorporation of 
multiple T1D risk loci into an integrated genetic risk score (GRS) is more powerful 
than HLA DR-DQ genotyping alone in the discrimination of T1D with scores 
incorporating 10-40 SNPs demonstrating a discriminative ROC AUC of 0.84-0.87(4; 
15-17). Additionally, the simplification of T1D genetic risk as a continuous variable 
allows non-HLA scientists and clinicians much easier access to T1D genetic 
information for a variety of clinical and research uses.  
      To date, published genetic risk scores have not fully captured all information on 
risk of T1D. HLA class 2 DR-DQ haplotypes (at the IDDM1 locus) are by far the most 
important factor in heritable T1D risk (18; 19). Full assessment of HLA DR-DQ risk is 
complex due to the association of many common haplotypes with T1D, and the non-
additive interactions between them (19-21). Our original T1D GRS (16), herein 
referred to as T1D GRS1, included the susceptible HLA haplotypes DR3-DQ2 and 
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DR4-DQ8 and the resistant haplotype DR15-DQ6, but missed many other DR-DQ 
haplotypes important in T1D genetic risk or protection. Advances in the density of 
SNP arrays combined with ever larger sets of reference data (such as 1000 
Genomes) have led to improvements in the accuracy of both genome-wide and HLA 
imputation, thereby allowing for more precise measurement of HLA-associated T1D 
risk. Better tagging of HLA risk using SNPs that can be cheaply and rapidly 
genotyped offers the possibility to capture T1D genetic risk associated with HLA DR-
DQ more comprehensively into a T1D GRS2.  
      In this study we aimed to improve SNP-capture of HLA DR-DQ risk, including 
haplotype interactions. We also aimed to improve the GRS by capture of additional 
non-DR-DQ loci via additional SNPs found to be associated with T1D risk. We 
generate a new T1D GRS2 with this information. We assess the additional 
discriminative power from this approach, demonstrate how the improvement might 
enhance clinical applicability, and create a framework within which different GRSs 
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Methods 
 
We used HLA and genome-wide imputation of a large T1D case-control dataset (22) 
to assess and improve capture of HLA and non-HLA T1D-associated loci into an 
improved GRS2.  We first focused on IDDM1, the HLA DR-DQ locus which is 
characterized by strong linkage disequilibrium and unusually frequent 
polymorphisms. The extensive HLA-T1D literature with published odds ratios were 
used to select, among common DR-DQ haplotypes, those that conferred significant 
risk or protection for T1D. This list comprised many more haplotypes than those 
included in previously published T1D GRS. To call haplotypes in our samples we 
imputed HLA alleles and used correlation statistics to identify tagging SNP variants. 
We further analyzed the relationship of specific combinations of two DR-DQ 
haplotypes (haplogenotypes). We next analyzed the impact of HLA alleles outside of 
DR-DQ, and of additional published T1D risk loci across the rest of the genome. 
Finally, we combined variants into a genetic risk score and validated our results using 
the approach shown in Supplementary Figure S1. To differentiate from our original 
T1D GRS (16), we refer to the score based on the new combination of loci and 
haplotypes as “T1D GRS2”. 
 
Research Subjects: Type 1 Diabetes Genetic Consortium  To investigate genetic 
associations, we used the T1DGC ImmunoChip case-control genetic data with 
~164,000 genotyped variants (22). The classification of T1D was made based on 
clinical features previously described. The study consisted of a collection of white 
Caucasian cases and controls (6670 T1D cases, 9416 controls) combined from 
previous studies such as the UK WTCCC. Cases ranged from those with a clinical 
diagnosis before age 1 to a maximum age of 16 years. The mean age of diagnosis 
was 7.75 years. 
 
Research Subjects: UK Biobank   To validate our results, we used the UK Biobank 
Affymetrix Axiom Array data with ~821,000 variants genotyped in a subset of 
~374,000 individuals identified as European Caucasian by genetic clustering 
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methods (23). Cases were defined by a strict set of criteria favoring specificity among 
selected individuals for T1D rather than sensitivity to include all T1D cases: 
- Clinical diagnosis of diabetes at or below age 20 
- On insulin within 1 year from the time of diagnosis 
- Still on insulin at the time of recruitment 
- Not using oral-antihyperglycemic agents 
- Did not ever self-report as having type 2 diabetes 
The total number of T1D cases fitting these criteria was 387. We also identified 
11,885 cases of type 2 diabetes (T2D) by a similarly strict definition: 
- Clinical diagnosis of diabetes at age 35 or older  
- Not on insulin within 1 year from the point of diagnosis  
- Did not ever self-report as type 1 diabetic  
- Excluded if diagnosed within last 12 months as not able to check insulin usage.  
 
Imputation We used the 1000 Genomes reference panel to impute a total of 80.6 
million variants in the T1DGC discovery data. We used data which was centrally 
imputed by UK BioBank to a combination of the Haplotype Reference Consortium 
(HRC) panel and the UK10K + 1000 Genomes panels (23). To impute HLA alleles in 
the T1DGC dataset, we used SNP2HLA (24) with the T1DGC reference panel 
consisting of 5225 SNP-genotyped and HLA-genotyped North Americans. We 
imputed a total of 424 alleles at the following loci: HLA-A/B/C/DQA1/DRB1/DQB1/ 
DPB1. Alleles were imputed to 4-digit resolution and average imputation accuracy 
was high (mean info r2=0.977). 
 
HLA DRB1-DQA1-DQB1 haplotypes  Using imputed T1DGC data we identified 
every possible combination of DRB1, DQA1 and DQB1 alleles occurring on the same 
haplotype. Each haplotype present in ≥ 0.5% of cases and controls was evaluated as 
a predictor of T1D in a logistic regression model adjusted for every possible 
haplotype. Common haplotypes not observed to be independently associated 
(P>0.05) but with suspected interaction effects were also included in further analysis. 
We used HLA imputation data from a subset of ~128,000 UK Biobank samples to 
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identify variants that would best mark these haplotypes from their correlation r2 and d’ 
statistics. 
 
Interaction modeling    To assess whether interactions existed between 136 
possible DR/DQ haplotype pairings (haplogenotypes) we generated multiplicative 
interaction terms from genotype dosage values. Logistic regression, with the 
interaction term as the independent variable and each haplotype of the pairing 
included as a covariate, was used to test the strength of interaction. A Bonferroni-
corrected cutoff (P<3.7x10-4) was applied. Interaction terms below the P value 
threshold identified haplotype combinations with evidence of interaction. 
 
Additional loci    A total of 323 imputed alleles from HLA loci outside DR/DQ were 
tested in a logistic regression adjusting for the DR/DQ haplotypes previously 
identified – this was necessary as long-range linkage is well known to occur in the 
HLA region between class I, class II and class III loci. A Bonferroni-corrected 
threshold was applied (P<1.6x10-4). HLA alleles that remained significant after 
adjustments for both DR/DQ and for multiple testing were added to the model. 
Outside of the HLA region, we included variants from our GWAS of the T1DGC data 
in addition to variants identified in previously published GWAS. 
 
Generating the GRS   We took the natural log of each odds ratio identified in the 
discovery data to generate a beta statistic for each pair of haplotype combinations 
and each allele. For haplogenotypes with an identified interaction each person was 
assigned a single score at the DR/DQ locus. For haplogenotypes with no interaction 
identified the score was generated from the sum of each allele weighted by its beta. 
The remaining loci were then added to the total score by multiplying the number of 
risk alleles by the beta for each variant. Odds ratio and betas were coded to 
correspond to the minor allele for HLA loci as this tagged the presence of an allele 
subtype. Positive beta values therefore imply a risk increasing effect from an allele 
and negative a risk decreasing effect. An equation summarizing generation of the 
score is presented in Supplementary Figure S2. 
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Statistical methods   Logistic regression, with T1D as the outcome and variants of 
interest as independent variables, was used in discovery data to identify and validate 
associations and generate odds ratios. Covariates were included as described above.  
 
A linear mixed model, as implemented in BOLT-LMM (25), was used to perform 
GWAS of all imputed variants in the discovery data with type 1 diabetes status as the 
outcome. Covariates included were principal components and sex. Variants from T1D 
GRS1 were included in further conditional analysis. Simulations of population 
screening performance in both GRS and HLA typing were based on an assumed T1D 
prevalence of 0.3% and sensitivity and specificity derived from the UK Biobank 
dataset. 
 
We tested the ability of the GRS to discriminate cases from controls in T1DGC and 
replicated our findings in UK Biobank by using the area under the curve (AUC) of the 
receiver operator characteristic (ROC).  ROC statistics were generated with DeLong’s 
algorithm. The Youden Index was calculated as j=sensitivity+specificity-1. To 
compare the discriminative power of different GRS we used a 2 test on a subset 
containing all T1D cases and 24,000 randomly selected controls. Bonferroni 





Genome-wide association analysis of T1DGC cases and controls identified additional 
significant T1D genetic associations not captured by T1D GRS1 both within and 
outside of HLA (Figures 1B, 1E). We assembled genetic components into a new risk 
score, T1D GRS2, grouping them as either a) HLA-DRB1-DQA1-DQB1 alleles, b) 
genes in the HLA region but distinct from DR-DQ, and c) genes outside the HLA 
region. Our approach to T1D GRS2 generation is summarized in Supplementary 
Figures S1 and S2. 
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Improved capture of HLA risk     We identified tag SNPs for 14 HLA DQA1-DQB1 
haplotypes (11 more than for T1D GRS1) associated with T1D in the T1DGC case-
control cohort (Supplemenary Table S1). We chose to study SNP variants linked to 
DQ haplotypes rather than DRB1 for three reasons. First, DQ has a higher impact on 
T1D risk than DR.  Second, most DQ haplotypes were each linked to only a single 
DRB1 allele in T1DGC anyway. Third, due to low frequency in the imputation panel, 
we were unable to discriminate all DRB1 subtypes known to impact T1D risk, such as 
DRB1*04:0X. Once DQ haplotypes were identified, we sought to detect and use their 
interactions to refine our estimates of T1D risk. Supplementary Table S2 illustrates a 
heat map of DQ haplotype combinations (haplogenotypes) odds ratios based on 
imputed DQ haplotypes in T1DGC. From DQ tag SNPs, we identified 18 DQ 
haplotypes with significant interaction terms and generated interaction-specific odds 
ratios (Supplementary Table S3). For less common haplogenotypes with insufficient 
data to estimate interaction odds ratios (n<50 cases in T1DGC) or where no 
significant interaction was identified, we generated ORs for the individual haplotypes 
in remaining case-control data (Supplementary Table S1). This approach resulted in 
an HLA Class II (IDDM1) component of the genetic risk score derived from 14 HLA 
SNPs covering most major T1D associated Class II haplotypes and specific odds 
ratio terms for 18 haplogenotype combinations. 
We identified 21 further HLA region SNPs not representing DR-DQ haplotypes 
that each associated independently with T1D (Supplementary Table S4). Some mark 
known T1D associated alleles at Class I A, B or C, or at Class II DP, while others 
were not correlated to any specific HLA gene but rather located near the XL9 
regulatory region between DRB1 and DQA1 or in presumed regulatory regions near 
DRA1 or BTNL2 (26; 27).    
The combined model of 35 total HLA-region SNPs was much more 
discriminative of T1D than the 5 SNP model in T1D GRS1, in both the T1DGC 
discovery dataset (ROC-AUC 0.907 vs 0.856; p<0.0001) and UKB validation set 
(ROC-AUC 0.897 vs 0.865 (p<0.0001) (Figures 2A and 2D). 
 
Improved capture of non-HLA genetic risk     We then identified 32 non-HLA loci 
(summarized in (28)) which again each associated independently with T1D 
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(Supplementary Table S5). Taken together, these non-HLA SNPs improved 
discrimination of T1D compared to GRS1 in the T1DGC Discovery set ROC AUC 
0.715 vs 0.699, p<0.001) and in the validation dataset (ROC AUC 0.75 vs 0.707, 
p<0.001) (Figure 2E). The improved discrimination was most clearly observed in the 
validation data due to the denser SNP array and better imputation of non-HLA 
variants. 
 
A T1D GRS2 using 67 SNPs offers significantly improved prediction of T1D 
The final combined T1D GRS2 utilized a total of 67 SNPs (14 DR-DQ, 21 other HLA  
and 32 non-HLA SNPs) and markedly improved discrimination of T1D vs. T1D GRS1. 
The ROC curve AUC increased from 0.886 to 0.927, p<0.0001 in the T1DGC 
Discovery dataset and from 0.893 to 0.921 in the UK BioBank validation p<0.0001 
(Figures 2C and 2F). Genome-wide association analysis of the T1DGC cases and 
controls using T1D GRS2 as a conditional variable demonstrated little remaining 
genome-wide significant SNP associations, indicating vastly improved capture of 
T1D-associated information (Figure 1). 
 
Assessment of T1D GRS against diabetes type    We then compared the ability of 
GRS1 and the new T1D GRS2 to separate known T1D from the background 
population in UK Biobank.  For example, using the optimal T1D GRS2 cutoff (at 
maximum Youden Index) allowed inclusion of 82.7% of T1D patients while 88.5% of 
the background population was properly excluded (Figure 3B). In a similar exercise 
comparing T1D vs T2D patients, T1D GRS2 alone excluded 87.8% of T2D patients 
but included 82.7% of T1D patients (Figure 3D). Both represent substantially 
increased specificity at similar sensitivity vs T1D GRS1 (Figures 3A and 3C). 
 
Using the T1D GRS2 to predict future T1D among infants 
Simulations show the T1D GRS2 could be used for newborn screening to select 
babies requiring follow-up for islet autoantibody (AAB) surveillance (Table 1, top). 
Individuals with a T1D GRS2 >90th centile in a general population contain >77% of 
cases of future T1D with a T1D risk of 2.4%, those with a score of >99.9th centile 
have a T1D risk over >20%, but this cut off would only identify 7% of future T1D 
cases. Comparitive simulations of general population screening demonstrated T1D 
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GRS2 predictive performance much better than T1D GRS1 (Table 1, middle), but 
most importantly more than twice as good (less than half as many children requiring 
AAB surveillance) compared to prior methods using only HLA DR-DQ (Table 1, 
bottom).  
 
Assessment of T1D GRS2 against age of diagnosis  Stronger genetic risk of T1D 
is known to associate with younger age of diagnosis (17; 29). We tested the 
correlation of GRS2 against onset age within T1DGC (Supplementary Figure S3), 
and demonstrated especially improved performance at very young onset ages 
(p=7x10-44 Pearson’s correlation). The effect appeared to be explained by greater 
HLA risk in those children (HLA-only p=6x10-39, non-HLA p=1x10-4). 
 
Comparative performance with other genetic scores:  To date, a variety of 
genetic scores have been described and used in T1D. Genetic scores vary according 
to SNPs available from array data, cost and sample size limitations within a study, 
and the methods of score calculation. By analyzing different scores against a 
reference population (either a background population or a cohort with T1D) it is 
possible to compare different scores based on centiles in the reference set to 
compare the sensitivity and specificity of each score.  In Table S6 the Youden’s Index 
is used to compare performance of several recently published GRS used in T1D. A 
Youden Index of 1 describes perfect discrimination at a particular threshold. The T1D 
GRS2 had the highest Youden index (0.698) across a range of centiles and the 
highest ROC-AUC (P<0.0001 vs all scores).  The Youden’s index value as UKB 





We combined 67 SNPs into an improved T1D genetic risk score termed T1D GRS2.  
With improved capture of HLA DR-DQ risk, HLA interactions and additional non-HLA 
SNPs, the T1D GRS2 included all independent genome-wide significant T1D risk 
from T1DGC ImmunoChip data. When directly compared with other genetic scores 
used to date, T1D GRS2 significantly improved discrimination of T1D from T2D and 
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controls. Indeed, whilst all published T1D GRS, derived by a variety of methods, have 
had ROC AUC’s of 0.86 or greater (4; 15-17), GRS2 yielded the greatest T1D 
discrimination with an AUC ROC of 0.93 in the T1DGC dataset. This in large part 
resulted from including many more HLA features in GRS2 compared to prior scores 
(4; 15; 16). 
 
We used T1D GRS2 to compare the proportion of screened newborn infants in a 
population who must be followed after screening to capture differing proportions of 
future T1D cases. As an example, the detection of 77% of future cases would require 
following 20.9% of screened infants using only HLA DR-DQ selection criteria, 14.3% 
of infants using our T1D GRS1, but only 9.5% of infants using T1D GRS2 (Table 1 
and Supplementary Table S6) representing a major cost savings. Each iteration 
represents a critical improvement in cost-effectiveness for general population 
pediatric T1D prediction strategies. More stringent cut-off points can identify very high 
risk pediatric populations suitable for trials of primary prevention therapies, such as 
the 0.1% of a population with >10% absolute disease risk. This approach is already 
being tested (4) and improved selection of high risk individuals using scores like T1D 
GRS2 will only enhance these efforts.   
 
Discrimination of T1D from T2D cases can help classify incident diabetes cases in 
adulthood, where incorrect classification is common and can lead to incorrect 
treatment, greater medical costs and greater morbidity (8; 10).  T1D GRS2 improved 
discrimination between incident T1D and T2D patients in a similar manner to that 
between T1D and healthy controls (Figure 3). This is expected due to the very 
minimal genetic overlap between T1D and T2D. Our previous findings (16) suggest 
that a combined model using onset age, AAB status and BMI will improve 
discrimination of incident cases much further. A similar approach of combining 
genetic and non-genetic risk successfully predicted progression rate to T1D in at-risk 
relatives in the TrialNet Pathway to Prevention study (combining AAB data, the T1D 
GRS1, age and a metabolic score) (30). A logical next step is to use the T1D GRS2 
in similar settings to assess discriminative power when combined with these 
additional predictors of T1D. 
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The T1D GRS2 was most predictive of T1D in very early life, consistent with existing 
genetic data (17; 29). At very young ages there is less additional risk data available 
(such as AAB and BMI) to combine with genetic risk, yet unexpected T1D onset can 
carry particularly high morbidity and even mortality (31). A powerful GRS may be 
clinically useful in this setting to identify people at risk of mortality and morbidity from 
T1D in early childhood.  Our estimates of cases captured assumes equivalent genetic 
risk across all childhood, and T1D GRS2 may be even more sensitive and specific to 
identify very young onset T1D patients.  
 
Our T1D GRS2 development approach captured multiple HLA effects. Previous T1D 
genetic scores captured the commonest and best described HLA class 2 DR3-DQ2 
and DR4-DQ8 risk alleles (4; 15; 16), a single protective allele (DR15-DQ6) (16) and 
two class 1 alleles (HLA A*24, HLA B*57) (4; 16). We now capture many more of the 
DR-DQ haplotypes, nearby regulatory regions, more Class I alleles, and HLA DP 
alleles, that confer susceptibility or resistance to T1D (20; 32).  We worked to ensure 
that GRS2 captured interaction effects between these haplotypes. Complex 
interactions in the Class 2 HLA region have previously been described (21) but have 
not been integrated into methods for T1D prediciton. We also discovered T1D-
associated HLA region SNPs not tracking classic HLA alleles but in intergenic 
regulatory regions between DRB1 and DQA1 which regulate Class II gene 
expression, e.g. near XL9 and BTNL2. These have been described in the context of 
SLE (26) and Sarcoidoisis (27) but are not well characterized in T1D. Similar 
conditional approaches to ours may yield further mechanistic insights, however 
investigating these further is outside the scope of this work. Future more dense 
arrays, sequencing, and analyses of gene expression are likely to better characterise 
these regions, their interactions and potential mechanisms. Finally, T1D GRS2 
covered many more HLA-Class I and HLA-DP alleles known to affect T1D risk (32). 
One limitation was that we struggled to capture DRB1*04 subtypes. These are 
currently not well imputed, and we were unable to find SNP tags that distinguished 
the high risk DR4 alleles from protective DRB1*04:03 and DRB1*04:07 alleles on the 
DQA1*03:01-DQB1*03:02 background. Use of more dense SNP arrays and better 
imputation reference sets to achieve this goal may improve future GRS performance. 
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The amount of genetic information incorporated into a T1D genetic risk score that can 
be easily used in the clinic and for research must necessarily represent a balance 
between effective cost of implementation and maximisation of genetic information. 
The most genetic information could theoretically be obtained from using whole 
genome sequencing (WGS) which is currently not feasible, or from genomic risk 
scores that use all genetic association information, unfiltered for genome wide 
association significance. Genome wide risk scores have recently been very effective 
at improving prediction of non-HLA linked disease (33), but the extremely strong HLA 
bias of T1D heritability, and the inability of these models to currently analyze the HLA 
region, means that these methods are less suitable for T1D prediction. At the other 
end of the spectrum, SNP-based GRS can vary from containing all associated T1D 
SNPs to smaller numbers of SNPs such as the previously described 10-SNP version 
of GRS1 (16).  We believe that whilst it is difficult to envisage a WGS approach to 
population-wide screening, the falling cost of SNP typing, and the very strong 
association of T1D with a few SNPs in the HLA region makes a more comprehensive 
GRS a practical choice for use in such population-based research and public health 
settings. 
 
A limitation of T1D GRS2 is its use of genetic information discovered and validated in 
European Caucasian cohorts. We currently lack large well described case-control 
cohorts of other ethnicities. Initial data from Perry et al (17) and others suggest that 
the T1D GRS2 will be discriminative in Hispanics, but possibly less so in Africans, 
although our own unpublished work (Oram, Weedon and Yajnik personal 
communication) suggests that the score works well in South Asian populations. 
Larger datasets examining genetic associations in these populations are required to 
fully define the utility of genetic risk scores in prediction and classification of T1D. 
Additionally, it is possible that even in populations of similar ethnic background, 
different environments might mediate different genetic associations requiring score 
adjustment. However, there is currently little evidence for strong gene-environment 
effects in T1D. These limitations of stratification, and the assumptions made when 
Page 15 of 22 
summing genetic risk into a score, must be weighed against ease of use and 
translatability. A single T1D GRS2, not fully adjusting for ethnicity or environmental 
interactions may capture most genetic risk while avoiding the increased complexity 
necessary in more customized genetic risk scores. We and others are working to 
develop and improve GRS for use in diverse populations customized for ethnicity and 
race (17; 34). 
 
A further limitation of our T1D GRS2 is its origin in T1DGC ImmunoChip data that is 
itself limited in SNP coverage and density. As increasingly powerful and up-to-date 
SNP arrays become more widely used, and broader reference datasets such as 
TOPMED (35) allow higher quality imputation, the sensitivity to more directly identify 
causal variants, rare T1D risk alleles, and complex interactions will likely improve 
GRS even further. However the step-change in improved prediction in our study is 
utilizing new information from the most important region in T1D genetics and the 
current predictive power of the T1D GRS2 suggests there is relatively less predictive 
information remaing to be captured by future efforts. If we assume conservative 
estimates of T1D heritability (e.g. sibling risk ratio of ~6 (14)) are correct then we will 
have explained the vast majority of T1D heritability with current knowledge and there 
will be little scope for improvement with future genetic discovery. However, the only 
way to know this is with future sequencing studies and studies of lower frequency 
variants that are not well covered in current GWA studies. 
 
As genotyping costs fall and our knowledge of T1D genetic risk increases, additional 
T1D genetic risk scores will be developed and tested.  These might vary in methods 
of generation, for example where SNPs available for score generation are different, 
where costs prohibit a full T1D GRS2 to be calculated, or where different populations 
are used for discovery.  It is important to be able to directly compare scores to plan 
future use and research. A simple but robust approach for this is to compare the 
variety of published genetic scores for T1D that can be directly compared using score 
distributions in a reference population.  We believe that such direct comparisons will 
aid the future development and application of T1D genetic risk scores.   
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Figures and Table Legends 
Figure 1- Manhattan plots of GWAS before and after adjustment for GRS: Top row, 
genome-wide GWAS: Panel A, unadjusted; Panel B, after adjusting for GRS1; Panel 
C after adjustment for GRS2. Bottom row, high resolution plot of association scores 
for the full HLA region on Chr 6q: Panel D, unadjusted; Panel E, after adjustment for 
GRS1; Panel F, after adjustment for GRS2. 
 
Figure 2- ROC curves comparing the ability of GRS1 and GRS2, and their 
components, to discriminate T1D. For each pair of curves in a panel, the figures show 
ROC AUCs and the p-value for their comparison by the DeLong algorithm.  
A HLA DR-DQ haplotypes and interaction terms, for GRS1 vs GRS2 in the T1DGC. 
B Both non-DR-DQ HLA and non-HLA loci, for GRS1 vs GRS2 in the T1DGC. 
C Full GRS1 versus full GRS2 in the T1DGC discovery dataset. 
D HLA DR-DQ haplotypes and interaction terms, for GRS1 vs GRS2 in the UK Biobank. 
E Both non-DR-DQ HLA and non-HLA loci, for GRS1 vs GRS2 in UK Biobank. 
F Full GRS1 versus full GRS2 in UK Biobank.  
 
Figure 3- Comparison of the ability of GRS1 (left) and GRS2 (right) to discriminate 
type 1 diabetes (red) from controls (blue) in 3A and 3B respectively. Comparison of 
the ability of GRS1 (left) and GRS2 (right) to discriminate type 1 diabetes (red) from 
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type 2 diabetes (yellow) in 3C and 3D respectively. Note the similar distribution of 
T1D GRS2 scores in the background population and in T2D cases. 
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Table 1- Simlulated population-based prediction of T1D using HLA screening, the 
original T1D GRS, and the T1D GRS2. Risk of T1D is calculated assuming a 0.3% 











5 70.2 11.68 69.5% 94.8% 30.5% 0.643 0.9% 
10 79.4 12.36 78.9% 89.4% 21.1% 0.683 1.3% 
25 90.6 13.45 90.4% 77.5% 9.6% 0.679 2.4% 
50 96.8 14.60 96.7% 53.7% 3.3% 0.505 4.7% 
75 99.1 15.65 99.1% 30.2% 0.9% 0.293 9.1% 
90 99.8 16.54 99.8% 13.2% 0.2% 0.130 15.7% 
95 99.9 17.06 99.9% 7.2% 0.1% 0.072 22.8% 










5 53.3 13.48 51.9% 95.9% 48.1% 0.478 0.6% 
10 60.7 14.06 63.9% 92.5% 36.1% 0.564 0.8% 
25 73.8 15.07 81.7% 82.9% 18.3% 0.646 1.3% 
50 86.1 16.16 94.0% 56.3% 6.0% 0.503 2.7% 
75 93.3 17.17 98.3% 32.6% 1.7% 0.308 5.4% 
90 96.5 17.83 99.5% 18.3% 0.5% 0.178 9.9% 
95 97.8 18.19 99.8% 9.0% 0.2% 0.088 11.8% 
















79.1% 77.0% 23.0% 0.561 0.6% 
81.1 High DR4/4 96.3% 41.3% 58.7% 0.376 2.5% 
84.5 Very High DR3/4 97.2% 37.0% 63.1% 0.342 3.8% 
 
* T1D Cases in T1DGC 
** Centile in UK Biobank European population 
 
